Abstract. The increasing adoption of machine learning tools has led to calls for accountability via model interpretability. But what does it mean for a machine learning model to be interpretable by humans, and how can this be assessed? We focus on two definitions of interpretability that have been introduced in the machine learning literature: simulatability (a user's ability to run a model on a given input) and "what if" local explainability (a user's ability to correctly indicate the outcome to a model under local changes to the input). Through a user study with 1000 participants, we test whether humans perform well on tasks that mimic the definitions of simulatability and "what if" local explainability on models that are typically considered locally interpretable. We find evidence consistent with the common intuition that decision trees and logistic regression models are interpretable and are more interpretable than neural networks. We propose a metric -the runtime operation count on the simulatability task -to indicate the relative interpretability of models and show that as the number of operations increases the users' accuracy on the local interpretability tasks decreases.
Introduction
With the rise of machine learning decision-making tools in critical and previously human-driven domains such as criminal justice, hiring, medicine, and scientific discovery, interpretable machine learning has become an important and growing subfield of study. The goal of interpretable machine learning is to allow oversight and understanding of machine-learned decisions by, e.g., giving judges insight into decision-making procedures. Yet, while such interpretable methods have rapidly gained prominence, there has been comparatively little work on assessing whether the definitions of interpretability make sense from a human-performance perspective. In fact, we know of only one study [19] that has directly measured whether the resulting "interpretable" models are in fact interpretable for their end-users. In this work, we study the extent to which three common machine learning models are interpretable, under two definitions of interpretability from the machine learning literature, by translating these definitions into tasks to be performed by people and measuring their accuracy and completion time.
"Interpretability" as a goal can be broadly divided into global interpretability, meaning understanding the entirety of a trained model including all decision paths, and local interpretability, the goal of understanding the results of a trained model on a specific input and small deviations from that input. In this paper, we focus on local interpretability, and on two specific definitions. We assess simulatability [13] -here interpreted as the ability of a person to run a model and get the correct output (model classification) for a given input -and "what if" local explainability [20, 13] -information that helps a user determine how small changes to a given input affect the model predictions. We will refer to a model as locally interpretable if users are able to correctly perform both of these tasks when given a model and input.
These definitions present a purposefully narrow view of interpretability, with the goal of studying these definitions in depth so that future work can build on this understanding. Despite the narrow scope of this work, we believe this definition of local interpretability appropriately captures an important aspect of basic interpretability. Consider a defense attorney presented with a risk assessment score and associated model for their client. Simulatability allows the defense attorney and their client to see the factors that went into the assessment and verify for themselves that the risk score was calculated correctly. Having a model that satisfies "what if" local explainability also allows the attorney to understand whether their client would have received a different score if they were another race, sex, etc., which could be critical to their ability to challenge the risk assessment in court.
We examine the simulatability and "what if" local explainability of decision trees, logistic regression, and neural networks via a crowdsourced user study. We asked 1000 users to simulate a model on a given input, produce the expected output of the model, and then determine the output for a slightly different version of that input. We measured user accuracy and completion time over varied datasets, inputs, and model types (described in detail in Section 4). The results are consistent with the folk hypotheses [13] that decision trees and logistic regression models are locally interpretable and are more locally interpretable than neural networks given the particular model representations, datasets, and user inputs used in the study.
But, as has been previously observed [13] , it may be the case that a small neural network is more interpretable than a very large decision tree. To begin to answer questions like this, as well as other cross-model comparisons and generalizations of these results to models not studied here, we also investigated a measure for its suitability as a proxy for the users' ability to correctly perform both the simulation and "what if" local explainability tasks. We hypothesized that the number of program operations performed by an execution trace of the model on a given input would be a good proxy for the time and accuracy of users' attempts to locally interpret the model under both definitions; specifically, that as the total number of operations increased, the time taken would increase and the accuracy on the combined task would decrease. We found evidence that as the number of total operations performed by the model increases, the time taken by the user increases and their accuracy on the combined local interpretability task decreases. We see this work as a first step in a more nuanced understanding of the users' experience of interpretable machine learning.
Related Work
Work on the human interpretability of machine learning models began as early as Breiman's study of random forests [4] . Since then, many approaches to the interpretability of machine learning models have been considered, including the development of new globally interpretable models [23] , post-hoc local explanations [20] and visualizations [18] , and post-hoc measurement of the global importance of different features [10, 6, 2] . For a more detailed discussion of these methods see [15, 9] .
Some of the recent activity on interpretability has been prompted by Europe's General Data Protection Regulation (GDPR). A legal discussion of the meaning of the regulation with respect to interpretability is ongoing. Initially, the GDPR regulations were described as providing a "right to an explanation" [8] , although subsequent work challenges that claim [25] , supporting a more nuanced right to "meaningful information" about any automated decision impacting a user [22] . Exactly what is meant by interpretability to support the GDPR and in a broader legal context remains in active discussion [21] .
The uncertainty around the meaning of "interpretability" has prompted calls for more precise definitions and carefully delineated goals [13] . One thoughtprovoking paper makes the case for a research agenda in interpretability driven by user studies and formalized metrics that can serve as validated proxies for user understanding [7] . Doshi-Velez and Kim argue that human evaluation of the interpretability of a method in its specific application context is the pinnacle of an interpretability research hierarchy followed by human evaluation of interpretability on a simplified or synthetic task and analysis of proxy tasks without associated user studies. In order to perform interpretability analysis without user studies, they argue, it is necessary to first assess proxies for user behavior. Here, we propose one such metric and assess its suitability as a proxy for the local interpretability of a model.
Although we are unaware of existing metrics for the local interpretability of a general model, many measures developed by the program analysis community aim at assessing the understandability of a general program, which could be seen as metrics for global interpretability. For example, the cyclomatic complexity counts the number of independent paths through a program using its control flow graph [14] .
Despite calls for more experimentally grounded assessments of interpretability [7, 1] , there have so far been few user studies focusing on the interpretability of machine learning models. Perhaps most similar to this paper, Poursabzi-Sangdeh et al. [19] measure how the number of features and model transparency affect trust, simulatability, and mistake detection using randomized user studies on a similar scale to what we will consider here. While we focus on assessing model types, Poursabzi-Sangdeh et al. vary across general model attributes (e.g. black box vs. clear). They find that clear models, meaning the inner calculations of the models are displayed to the user, are best simulated. They also determined that the model type did not affect the trust the user had in the model nor improved users' ability to correct their mistakes.
Other related user studies include Allahyari et al. [3] , who measure the perceived relative understandability of decision trees and rule-based models and find decision trees are seen as more understandable than rule-based models. Lage et. al. [12] optimize decision trees and neural networks for a variety of proposed interpretability proxies through human subject experiments and find the proxy their method converges on varies by data set. This result suggests that users prefer different aspects of interpretability depending on the data set. Veale et al. [24] surveyed 27 public sector machine learning professionals to determine current challenges facing the successful implementation of their work. They call for a greater focus on transparent machine learning in order to bridge the gap between those implementing algorithms and those overseeing the direction of public projects. We believe that systems that make it possible to compare the relative interpretability models could assist researchers and professionals in making more appropriate choices for their particular contexts.
A Metric for Local Interpretability
Motivated by the previous literature and its calls for user-validated metrics that capture aspects of interpretability, we wish to assess whether a candidate metric captures a user's ability to simulate and "what if" locally explain a model. The candidate metric we consider here is the total number of runtime operation counts performed by the model when run on a given input. We consider two basic variants of operations, arithmetic and boolean, and track their totals separately. Effectively, we seek a proxy for the work that a user must do (in their head or via a calculator) in order to simulate a model on a given input, and will claim that the total number of operations also impacts a user's ability to perform a "what if" local explanation of a model. Even though this is clearly a crude approximation of the process performed by users, we note that even this simple model appears to not have been studied explicitly. 
An Example
As an example of how this metric would work, consider the visualization of a decision tree in Figure 1 . The result of running the model on the input (a = −80, b = 200) is shown circled in blue and the result of running the same model on the input (a = −64, b = 115) is shown circled in red. The red answer is at a depth of 10 in the decision tree while the blue answer is at a depth of 5. We anticipate that users will take less time and be more accurate in answering the query that leads to the blue decision at the smaller depth. Counting the operations that the model takes to run on the input (including each boolean comparison operation or memory access required, which we count as an arithmetic operation) gives the total number of runtime operations -our candidate metric. Using the below methodology to count these operations, the blue input is found to require 17 total operations (6 operations are arithmetic and 11 are boolean) while the red input requires 32 total operations (11 arithmetic and 21 boolean). Essentially, at each branch point one arithmetic operation is performed to do a memory access, one boolean operation is performed to check if the node is a leaf node, and one more boolean operation is performed for the branching operation.
Calculating Runtime Operation Counts
In order to calculate the number of runtime operations for a given input, we instrumented the prediction operation for existing trained models in python's scikit-learn package [5] . The source code for the technique is available at https:// github.com/darkreactions/measuring interpretability. Since most machine learning models in scikit-learn use (indirectly, via other dependencies) cython, Fortran, and C for speed and memory efficiency, we implemented a pure Python version of the predict method for the classifiers, and instrumented the Python bytecode directly. We created pure-Python versions of the decision tree, logistic regression, and neural network classifiers in scikit-learn. 4 Once working only with pure Python code, we used the tracing feature of python's sys module and a custom tracer function to count the number of boolean and arithmetic operations. The default behavior of tracer in python is line based, meaning the trace handler method is called for each line of the source code. We used the dis module to modify the compiled bytecode objects of useful modules stored in their respective .pyc files. In particular, we modified the line numbering metadata so that every bytecode is given a new line number, ensuring that our tracer function is called for every bytecode instruction [17, 16, 11] . Inside the tracer function we use the dis module to determine when a byte corresponds to a valid operation and count them accordingly for our simplified predict method implementations when run on a given input.
User Study Design
We have two overall goals in this project: to assess the simulatability and "what if" local explainability of machine learning models, and to study the extent to which the proposed metric works as proxy for local interpretability. To those ends, we designed a crowdsourced experiment that was given to 1000 participants. Participants were asked to run a model on a given input and then evaluate the same model on a locally changed version of the input. We start by describing the many potentially interacting factors that required a careful experimental design.
Models and Representations
For this study we consider the local interpretability of three models: decision trees, logistic regression, and neural networks. We chose decision trees and logistic regression because they are commonly considered to be interpretable [13] . In contrast, we picked neural networks because they are commonly considered uninterpretable. These models also make for interesting objects of study since they operate in fundamentally different ways. Decision trees rely heavily on boolean operations (branching structure), logistic regression relies heavily on arithmetic operations, and neural networks use both types of operations. The models were trained using the standard package scikit-learn. 5 The neural network used is a fully connected network with 1 input layer, 1 hidden layer with 3 nodes, and 1 output layer. The relu (rectified linear unit) activation function was used for the hidden layer.
Perhaps the largest problem in trying to assess whether a user can interpret a model is that the user needs some sort of intelligible representation of the model. While it might be reasonable to say that the code run by the model in the predict method is the "purest" representation of the model, it is not likely to be understandable by a lay audience without a programming background, and might additionally suffer from code readability issues. Thus, we sought to create representations that would reveal all of the model's calculations and choices more directly. Our goal was explicitly not to create visualizations that might give users higher-level insights into the models' operation, but to keep to an unelaborated form of the model. Still, all our results should be understood as assessing a combination of our representations together with the models, rather than studying the models in isolation.
Our decision tree representation (see, e.g., Figure 1 ) is a standard node-link diagram representation for a decision tree or flow chart.
Given an input, the trained decision tree model starts at the root node (shown on the far left in the example figure) and proceeds down the tree (towards the right in the figure), using the given input to answer the node questions and follow the decision path. The leaf nodes indicate the final classification result.
In order to allow users to simulate the logistic regression and neural network classifiers we needed a representation that would walk the users through the calculations without previous training in using the model or any assumed mathematical knowledge beyond arithmetic. The resulting representation for logistic regression is shown in Figure 2 . The neural network representation used the same representation as the logistic regression for each node and one page per layer. The activation results from the previous layer were shown to the user as new inputs for the next layer. An example of the resulting representation is shown in Figure 3 .
The representations described so far are for the first question a user will be asked about a model -the request to simulate it on a given input. In order to allow users to assess the "what if" local explainability of the model, we will also ask them to determine the output of the model for a perturbed version of the initial input they were shown. The representations used here are the same as the ones above, but a snapshot of the participants' previously filled in answers are shown for the logistic regression and neural network representations (see the neural network perturbed input question in Page 4 of the participant's view in Figure 3 ).
Data and Inputs
In order to avoid effects from study participants with domain knowledge, we chose to create synthetic datasets to train the models. We also wanted to ensure that each model would be trained on each dataset, so that, e.g., no model would seem to be more interpretable because participants were only presented with a model of that type trained on a dataset with simple and obvious patterns. Similarly, we wanted the trained models to be highly accurate, so that no model seemed more interpretable on a given dataset because it was a degenerate model that fit the data poorly. Thus, our goal was to create synthetic datasets simple enough that a logistic regression classifier could perform well on them, and ranging in complexity so that we could assess a variety of resulting operation counts.
We created synthetic datasets by choosing a number of dimensions for the dataset (2, 4, or 8) and sampling 10,000 points from a multivariate normal distribution with zero mean and 100 standard deviation. Next, we rounded the data to get integer values, which we believed users could more easily interpret. We randomly selected one coordinate as the "useful" coordinate. We labeled all points with this coordinate negative as false (-1), while all with non-negative values were labeled true (1). In order to create more complicated models that depend on all dimensions, we rotated the data by generating and applying a random rotation matrix. The values were then rounded again to integers. This yielded three datasets of 2, 4, and 8 dimensions. Additionally, we created a 2-dimensional dataset following the same procedure as above, but without the rotation matrix, with the idea that this might create especially interpretable models for users to assess. These four datasets were used to train the three considered models via an 80/20 train-test split. All trained models had an accuracy on the test set of at least 99%. Next, we generated a potential user input set from the test set. For each sample, we randomly chose an index (dimension) and changed the value at that index by sampling from a normal distribution centered at the original feature value with standard deviation set 10. We used a standard deviation 1/10 th the original standard deviation in order for inputs to vary noticeably but not extremely since these are the local changes the participants will be evaluating. The value was then rounded to an integer. Using this value for the chosen dimension and keeping all other values the same, this creates the perturbed version of the original input. From this set of input and perturbed input pairs, we then chose a set of eight pairs for each trained model (i.e., for each model type and dataset combination) to show to the participants. The set was chosen to fit the following conditions: 50% of the classifications of the original inputs are True, 50% of the classifications on the perturbed input are True, and 50% of the time the classification between input and its perturbed input changes. We used this criteria in order to distribute classification patterns evenly across users so that a distribution of random guesses by the participants would lead to 50% correctness on each task, and guessing that the perturbed input had the same outcome as the original input would also be correct 50% of the time.
Pilot Studies
In order to assess the length of the study and work out any problems with instructions, we conducted three pilot studies. In the first informal study, one of us watched and took notes while a student attempted to simulate an input on each of the three types of models and determine the outcome for a perturbed input for each of those three models. In the second two pilots we recruited about 40 participants through Prolific and gave the study for a few fixed models and inputs with the same setup as we would be using for the full study. The main takeaways from these pilot studies were that we estimated it would take users 20-30 minutes to complete the survey, but that some users would take much longer. Prolific has a timeout after which participants must have completed the survey; in the final survey we set this to 80 minutes. We had originally planned to include a dataset with 10 dimensions, and based on the time taken by users in the pilot survey decreased our largest dataset to 8 dimensions and added the 2-dimensional dataset with no rotation. We also used these pilots to confirm that we were collecting all the data we would want for our future analyses and found that our Qualtrics setup was missing timing information for the perturbed input question; this was added for the full experiment.
Experimental Setup
As in the pilot studies, we used Prolific to distribute the survey to 1000 users each of whom was paid $3.50 for completing it. Participants were restricted to those with at least a high school education (due to the mathematical nature of the task) and a Prolific rating greater than 75 out of 100. Users who participated in either of the pilot studies were prevented from taking part in this experiment. The full survey information (hosted through Qualtrics) and resulting data is available online https://github.com/darkreactions/measuring interpretability/.
Each participant was asked to calculate the output of a machine learning model for a given input, and then to determine the output of a perturbed input applied to the same model. We showed each participant three trained models: a logistic regression, a decision tree, and a neural network in a random order. Each participant was shown a model trained on a specific dataset (chosen from the four described earlier) at most once to avoid memory effects across models. Each question began with the initial input and a brief description of the task. The per-model representations as they were shown to participants can be seen in Figures 1, 2 , and 3.
Given the potential difficulty of the model simulation and local explanation tasks, we wanted to make sure that we only included users who genuinely attempted to determine the correct classification. In order to encourage effort in advance, we introduced the study to the participants in a personal and friendly way: "Hello! I'm Dylan, a student studying how well people are able to understand machine learning models. ..."
We closed the study by asking participants to self identify whether they had answered to the best of their ability, emphasizing that we would pay them even if they said no. Additionally, we included a question in the survey that asked users to do some basic addition. Based on the emails we got from participants, it appears that even many of the participants who answered "no" to our final question had worked hard to answer the questions but weren't confident in their responses.
Thus, we'll refer to all participants who said "yes" that they answered to the best of their ability and who got the basic addition question right as confident respondents. There were 930 confident respondents out of the total 1,000 responses. There were 18 respondents out of the total that got the basic addition question wrong. Of those that got the basic addition question wrong, 1 indicated that they did not answer to the best of their ability.
Based on our interest in evaluating the proposed local interpretability metric of the total number of runtime operations, we preregistered two experimental hypotheses. (Preregistered hypotheses can also be found at the Open Science Framework at: https://osf.io/9dbsn/.) Hypothesis 1. For users who are able to successfully determine the classification of an instance, time to completion will be related to the total operation count so that as the total operation count increases, the time taken by the user increases.
Hypothesis 2. Users' accuracy in determining the correct classification of instances will be related to the total operation count, so that as the total operation count increases, the users' accuracy decreases.
We also preregistered the following exploratory hypotheses:
Exploratory Hypothesis 1. We will explore the specific relationship of time and accuracy versus the arithmetic, boolean, and total operation counts.
Exploratory Hypothesis 2. We will explore if and how the users' ability to determine the classification of the perturbed input is related to time and operation count.
We will additionally evaluate the "folk hypotheses" that decision trees and logistic regression models are interpretable and are more interpretable than neural networks [13] in the next section.
Ethics
Our Institutional Review Board (IRB) determined that this study was exempt from a full review due to the impersonal nature of the survey and the fully anonymized data collected. In order to treat participants ethically beyond the IRB requirements, we used Prolific to recruit study participants due to their commitment to "ethical rewards," i.e., to paying participants at least $6.50 per hour. We did our best to estimate the time the study would take participants appropriately, via the pilot studies. Based on the time actually spent by participants, Prolific calculated that we paid an average of $6.37 per hour to participants.
Initial Study A first attempt at running the full version of this study revealed further presentation issues that were not caught by the pilot studies. Specifically, since much of the Qualtrics setup for this study was manual, we had incorrectly displayed some of the previous work that users had done when they were shown their previous work on the perturbed input task. We thus fully reran the study. Where we were able to draw conclusions based on the incomplete data from this first study, initial results matched the ones we present here.
Study Setup Issues. After running the user study, we found that an error in the survey setup meant that the survey exited prematurely for users given two of the eight inputs on the decision tree models for the 2-dimensional dataset with rotation. Since we did not receive data from these participants, Prolific recruited other participants who were allocated to other inputs and datasets, so the analyzed dataset does not include data for these two inputs. Users who contacted us to let us know about the problem were still paid.
Multiple Comparison Corrections, Confidence Intervals. In order to mitigate the problem of multiple comparisons, all p-values and confidence intervals we report in the next section include a Bonferroni correction factor of 28. While we included 15 statistical tests in this paper, we considered a total of 28. Reported p-values greater than one arise from these corrections. All confidence intervals are reported at 95% confidence.
User Study Results
Based on the results from the described user study, we can now examine the folk hypotheses regarding the local interpretability of different model types, consider the relative local interpretability of these models, and assess our proposed metric. Table 1 . Per-model correct responses out of the total confident respondents on the original input (simulatability task) and perturbed inputs ("what if" local explainability task) for decision trees, logistic regression, and neural networks. p-values given are with respect to the null hypothesis that respondents are correct 50% of the time, using exact binomial tests.
Assessing the Local Interpretability of Models
In order to assess the local interpretability of different model types, we first separately consider the user success on the task for simulatability (the original input) and the task for "what if" local explainability (the perturbed input). Since inputs were chosen so that 50% of the correct model outputs were "yes" and 50% were "no", we compare the resulting participant correctness rates to the null hypothesis that respondents are correct 50% of the time. The resulting p-values and confidence intervals are shown in Table 1 .
The results indicate strong support for the simulatability of decision trees, logistic regression, and neural networks based on the representations the users were given. It may be surprising that neural networks were found to be simulatable; we'll explore this further in later analyses considering the relative simulatability of these models and considering what happens as the neural networks become larger. The results also indicate strong support for the "what if" local explainability of decision trees and logistic regression models, but neural networks were not found to be "what if" locally explainable.
Recall that we consider models to be locally interpretable if they are both simulatable and "what if" locally explainable. Based on the results in Table  1 , we thus have evidence that decision trees and logistic regression models are locally interpretable and neural networks are not, partially validating the folk hypotheses about the interpretability of these models. Next, we'll consider the relative local interpretability of these models. In order to assess the relative local interpretability of models -to evaluate the folk hypothesis that decision trees and logistic regression models are more interpretable than neural networks -we compared the distributions of correct and incorrect answers on both tasks across pairs of model types. We applied onesided Fisher exact tests with the null hypothesis that the models were equally simulatable, "what if" locally explainable, or locally interpretable. The alternative hypotheses were that decision trees and logistic regression models were more interpretable (had a greater number of correct responses) than neural networks and that decision trees were more interpretable than logistic regression models.
Assessing Relative Local Interpretability
The results, presented in Table 2 , give strong evidence that decision trees are more locally interpretable than logistic regression or neural network models on both the simulatability and "what if" local explainability tasks. Interestingly, while there was strong evidence that logistic regression is more "what if" locally explainable and more locally interpretable than neural networks, there is not evidence that logistic regression models are more simulatable than neural networks using the given representations. This may be because the logistic regression and neural network representations were very similar. An analysis of the users who got both tasks right, i.e., were able to locally interpret the model, shows that the alternative hypothesis was strongly supported in all three cases, thus supporting the folk hypotheses that decision trees and logistic regression models are more interpretable than neural networks.
Assessing Runtime Operations as a Metric for Local Interpretability
In order to evaluate our preregistered hypotheses, we considered the relationship between total operation counts, time, and accuracy on the simulatability, "what if" local explainability, and combined local interpretability tasks. The graphs showing these relationships, including ellipses that depict the degree to which the different measurements are linearly related to each other, are shown in Figure 4 . The time and accuracy given for the simulatability and "what if" local explainability tasks are separated individually for those tasks in the first two columns of the figure, while the final local interpretability column includes the sum of the time taken by the user on both tasks and credits the user with an accurate answer only if both the simulatability and "what if" local explainability tasks were correctly answered. The accuracies as displayed in the figure are averaged over all users given the same input into the trained model. All total operation counts given are for the simulation task on the specific input. In the case of the "what if" local explainability task for decision trees, this operation count is for the simulatability task on the perturbed input; the logistic regression and neural network simulatability operation counts do not vary based on input. The local interpretability total operation count is the sum of the counts on the simulatability and "what if" local explainability tasks. Additionally, we considered the effect on time and accuracy of just the arithmetic operation counts. The overall trends were the same as are discussed below, so these results are not shown here.
Time Across all three interpretability tasks it appears clear that as the number of operations increases, the total time taken by the user also increases (see the first row of Figure 4 ). This trend is especially clear for the simulatability task, validating Hypothesis 1. This effect is perhaps not surprising, since the operation count considered is for the simulatability task and the representations given focus on performing each operation. Perhaps more surprisingly, as the total operation count on the simulatability task increases, the total time taken on the "what if" local explainability task also increases; though that pattern is most clear for the decision tree models. When considering the combined local interpretability task, this upward trend in time is also apparent. Fig. 4 . Comparisons shown are between total operations for a particular trained model and input, the time taken by the user to complete the task, and the accuracy of the users on that task for the simulatability (original input), "what if" local explainability (perturbed input), and the combined local interpretability (getting both tasks correct) tasks. The total time shown is in seconds. The total operation count is for the simulatability task on the specific input; this is the same for both "what if" local explainability and simulatability except for in the case of the decision tree models, where operation counts differ based on input. The local interpretability operation count is the sum for the simulatability and "what if" local explainability task operation counts. Accuracy shown is averaged over all users who were given the same input for that task and trained model. The models considered are decision trees (DT), logistic regression models (LR), and neural networks (NN). The ellipses surrounding each group depict the covariance between the two displayed variables, and capture 95% of the sample variance.
Accuracy As the total number of runtime operations increases, we hypothesized that the accuracy would decrease. In the second row of Figure 4 we can see that this trend appears to hold clearly for all three interpretability tasks for the decision tree models, but there is no clear trend for the logistic regression and neural network models. This lack of effect may be due to the comparatively smaller range of operation counts examined for these two model types, or it may be that the local interpretability of these model types is not as related to operation count as it is for decision trees. The lack of overlap in the ranges for the operation counts of logistic regression and neural networks also makes it hard to separate the effects of the model type on the results. As can be seen in the bottom row of Figure 4 , user accuracy on the tasks varies somewhat with time. Although the accuracy seems in general to decrease as users take more time on the task, it does not appear to be a strong trend except for with decision tree models.
Discussion and Conclusion
We investigated the local interpretability of three common model types -decision trees, logistic regression, and neural networks -and showed support via a user study for the folk hypotheses that decision trees and logistic regression models are locally interpretable while neural networks are not. We also found that decision trees are more locally interpretable than logistic regression or neural network models. We introduced a metric for local interpretability -the runtime operation count of the model -and showed that the number of runtime operations has a positive relationship to the time a user takes to locally interpret a model and a negative relationship to the users' accuracy on the local interpretation task (the ability to both simulate and "what if" locally explain a model). The introduction of this metric opens the possibility of analyzing other model types for their local interpretability without running a user study.
However, there are many caveats and limitations to the reach of this work. The domain-agnostic nature of our synthetic dataset has transferability advantages, but also has disadvantages in that it does not study interpretability within its target domain. The definitions of local interpretability that we assess here -simulatability and "what if" local explainability-are limited in their reach and the specific user study setup that we introduce may be limited in capturing the nuance of these definitions. Still, we hope that this work can provide early insight into how user studies can help to validate notions of interpretability in machine learning and encourage others to investigate the growing and important claims of interpretability in critical domains.
